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Abstract 
This thesis explores the performance of diffusion models (DMs) and generative adversarial 
networks ( G A N s ) i n creating AI-generated visual content across mult iple applications, in ­
cluding face synthesis, text-to-image generation, artistic rendering, image-to-image transla­
t ion, video synthesis, and super-resolution. Through comparative experiments, this research 
evaluates the models' abi l i ty to generate detailed, realistic, and art is t ical ly compell ing v i ­
suals from textual and image prompts. 

The results reveal that D M s excel in producing highly detailed images that closely follow 
text prompts, par t icular ly effective in face synthesis and text-to-image tasks. In contrast, 
G A N s are more adept at rendering realistic environmental scenes, suitable for applications 
requiring immersive visuals. B o t h model types are competent i n artistic rendering, though 
they differ in style adaptat ion and creativity. 

The thesis concludes wi th future research directions aimed at enhancing model efficacy 
and integrating these technologies more effectively into pract ical applications. 

Abstrakt 
T á t o p r á c a s k ú m a výkonnosť difúznych modelov ( D M ) a Generative Adversar ia l Network 
( G A N ) - G e n e r a t í v n a sieť súper iac ich komponentov, pr i v y t v á r a n í v i zuá lneho obsahu gen­
erovaného umelou inteligenciou vo v iace rých ap l ikác iách v r á t a n e syn tézy tvá re , generovania 
textu na obraz, umeleckého renderovania, prekladu obrazu na obraz, syn tézy videa a su-
perrozl í šenia . P r o s t r e d n í c t v o m porovnávac ích experimentov sa v tomto v ý s k u m e h o d n o t í 
schopnosť modelov generovať p o d r o b n é , real is t ické a umelecky presvedčivé v izuá ly z tex­
tových a ob razových vstupov. 

Výs ledky ukazu jú , že D M vyn ika jú pr i v y t v á r a n í vysoko de ta i lných obrazov, k to ré 
presne nas ledu jú t ex tové vstupy, p r i čom sú obzvlášť úč inné pr i ú lohách syn tézy t vá re a 
prevodu textu na obraz. Napro t i tomu G A N sú zručnejš ie p r i vykresľovaní rea l i s t ických 
scén prostredia, k t o r é sú v h o d n é pre apl ikácie vyžadu júce poh lcu júce vizuály. O b a typy 
modelov sú k o m p e t e n t n é v umeleckom vykresľovaní , hoci sa líšia v p r i spôsobovan í š tý lu a 
kreativite. 

V závere p r á c e sú u v e d e n é b u d ú c e smery v ý s k u m u z a m e r a n é na zvýšenie úč innos t i 
modelov a efekt ívnejš iu in teg rác iu t ý c h t o technológi í do p r a k t i c k ý c h apl ikáci í . 
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Rozšírený abstrakt 
T á t o p r á c a poskytuje k o m p l e x n ú a n a l ý z u n e d á v n e h o pokroku v oblasti umelej inteligen­
cie (AI) so z a m e r a n í m na ú lohu difúznych modelov ( D M ) ako v ý k o n n ý c h ná s t ro jov pr i 
v y t v á r a n í d ig i t á lneho v izuá lneho obsahu. N a rozdiel od t r a d i č n ý c h gene ra t í vnych modelov, 
ako sú g e n e r a t í v n e siete súper iac ich komponentov ( G A N ) , k t o r é zač ína jú od n á h o d n é h o 
rozdelenia š u m u na vytvorenie komplexných úda jov , difúzne modely zač ína jú od samot­
ných úda jov a postupne zavádza jú š u m , aby tento proces obrá t i l i . Tento reverzný proces, 
z n á m y ako proces reverznej difúzie, je d ô k l a d n e p r e s k ú m a n ý s cieľom pochopiť jeho použ i t i e 
pr i syn téze r ô z n o r o d é h o a vysokokva l i tného v izuá lneho obsahu v rôznych oblastiach. 

V ú v o d n ý c h kap i to l ách p r á c e sú p r e d s t a v e n é z á k l a d n é p r inc ípy difúznych modelov s oso­
b i t n ý m d ô r a z o m na p r a v d ě p o d o b n o s t n ě difúzne modely ( D D P M ) a de te rmin i s t i cké difúzne 
impl ic i tné modely ( D D I M ) . Tieto modely sa vyznaču jú j e d i n e č n ý m p r í s t u p o m k spracov­
aniu a t r ans fo rmác i i úda jov , k t o r ý umožňu je generovať obrázky, v ideá a iné formy š t ruk­
t ú r o v a n ý c h úda jov s pozoruhodnou presnosťou a v i zuá lnou kval i tou. Teore t ické s k ú m a n i e 
z a h ŕ ň a zhrnutie o procesoch p r idávan i a š u m u a i t e r ačného spresňovan ia , k t o r é charakter­
izujú difúzne modely, č ím sa pripravuje p ô d a pre ich p rak t i cké apl ikácie . 

E x p e r i m e n t á l n e a n a l ý z y tvoria h l avnú zložku tohto v ý s k u m u , v r á m c i k t o r é h o sa difúzne 
modely t e s t u j ú v p o r o v n a n í s G A N , pokiaľ ide o ich schopnosť generovať syn te t i cké méd iá . 
Exper imenty sú starostlivo n a v r h n u t é tak, aby pokrýva l i celý rad apl ikáci í od syn tézy tvá r í 
a umeleckého vykresľovania až po syn t ézu videa. P r i syn téze t vá r í sa difúzne modely ukáza l i 
ako lepšie p r i preklade t e x t o v ý c h opisov na fotoreal is t ické ľudské tvá re , p r i č o m p reukáza l i 
vyšš iu vernosť n u a n s á m o p í s a n ý m vo v s t u p n ý c h textoch. T á t o presnosť v detailoch a re­
alizme sa zdôrazňu je n a j m ä p r o s t r e d n í c t v o m používa teľských š túd i í , v k t o r ý c h bol i vygen­
erované obrazy konzistentne h o d n o t e n é vyššie ako obrazy v y t v o r e n é t r a d i č n ý m i G A N . 

Umelecké vykresľovanie je ďalšou oblasťou, v ktorej difúzne modely vykazu jú v ý z n a m n é 
sľuby. V p rác i sú podrobne op í sané experimenty, v k t o r ý c h tieto modely ú s p e š n e zachy tá ­
vajú a rep l ikujú rôzne umelecké štýly, od klas ických až po súčasné , p r i č o m sa presne drž ia 
š ty l is t ických prvkov uvedených v t e x t o v ý c h vstupoch. T á t o schopnosť nie lenže zdôrazňuje 
všes t rannosť difúznych modelov v k r e a t í v n y c h apl ikác iách , ale poukazuje aj na ich po t enc i á l 
revolučne zmeniť odvetvia, ako je d ig i t á lny marketing a tvorba obsahu vo v i r tuá lne j realite. 

Syn téza videa sa kr i t i cky s k ú m a ako vyví ja júca sa ap l ikác ia difúznych modelov. H o c i t i ­
eto modely v y k a z u j ú p o t e n c i á l p r i generovaní k r á t k y c h videoklipov zo s t a t i ckých obrázkov 
a t e x t o v ý c h opisov, v ý s k u m identifikuje obmedzenia v plynulost i a časovej n a d v ä z n o s t i 
generovaného obsahu. Tento poznatok poukazuje na potrebu ďalšieho zdokonaľovania al­
goritmov modelov s cieľom zlepšiť p r i r o d z e n ý tok a realizmus syn te t i zovaných videí . 

P r á c a obsahuje aj zamyslenie z pohľadu etiky, k t o r é poukazuje na m o ž n é zneuži t ie 
difúznych modelov pr i v y t v á r a n í k l aml ivých alebo škodl ivých médi í , ako sú n a p r í k l a d deep-
fakes. Schopnosť t ý c h t o modelov generovať fotoreal is t ické ľudské t vá re a real is t ické prostre­
dia m o ž n o využiť na vytvorenie v izuá lne presvedč ivých , ale ú p l n e f ikt ívnych scenárov , 
čo vyvoláva značné obavy zo š í renia dezinformáci í a po rušovan ia s ú k r o m i a . N a riešenie 
t ý c h t o p r o b l é m o v sa v p rác i navrhuje v i a c s t r a n n ý p r í s t u p na zmiernenie rizík spo jených s 
n a s a d e n í m gene ra t í vnych technológi í umelej inteligencie. Z a h ŕ ň a to technologické r iešenia , 
ako je i m p l e m e n t á c i a sofist ikovaných t echn ík d ig i t á lneho vodoznaku na zabezpečen ie sle-
dovateľnost i a autenticity obsahu gene rovaného umelou inteligenciou. P r á c a sa z a o b e r á aj o 
regu lačných opatreniach, p r i čom sa obhajuje vytvorenie spoľahl ivých p r á v n y c h r á m c o v na 
regulác iu použ ívan ia a u p l a t ň o v a n i a technológi í umelej inteligencie pr i tvorbe obsahu, č ím sa 
zabezpeč í dodrž i avan ie e t ických noriem. O k r e m toho sa o d p o r ú č a j ú vzdelávacie in ic ia t ívy 
na zvýšenie informovanosti verejnosti o m o ž n o s t i a c h a p o t e n c i á l n o m zneuž i t í technológi í 



umelej inteligencie. Cieľom t ý c h t o in ic ia t ív je kul t ivovať informovanejš iu verejnosť, k t o r á 
dokáže kr i t icky posúdiť a pochopiť obsah v y t v o r e n ý umelou inteligenciou, č ím sa p o d p o r í 
etickejšie u v e d o m e l á komuni ta používateľov a vývojárov . 

V závere p r á c e sa rozp racúva jú nielen technické a p r ak t i cké silné s t r á n k y difúznych 
modelov, ale rozobe ra jú sa aj spo ločenské dôs ledky ich použ ívan ia . Predstavuje vyvážený 
pohľad a navrhuje b u d ú c e smery v ý s k u m u , k t o r é sa zamer iava jú na zvýšenie výkonnos t i 
t ý c h t o modelov, n a j m ä pr i syn téze videa, a na vývoj in tegrovaných riešení, k t o r é spá ja jú 
silné s t r á n k y difúznych modelov a G A N . Také to h y b r i d n é p r í s t u p y by p o t e n c i á l n e mohl i 
vyriešiť súčasné obmedzenia a otvoriť nové možnos t i uplatnenia umelej inteligencie pr i 
tvorbe d ig i t á lneho obsahu. 
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C h a p t e r 1 

Introduction 

1 . 1 B ackground 

The field of art if icial intelligence (AI) has seen remarkable advancements i n the synthesis of 
images and videos driven by innovative generative models. A m o n g these, diffusion models 
have emerged as a promising approach for generating high-quality and diverse visual con­
tent. Diffusion models, characterized by their abi l i ty to model complex distributions, have 
found applications i n various domains, from face synthesis to artistic rendering. 

A t the core of diffusion models lies the concept of the reverse diffusion process, a dis­
t inctive mechanism that distinguishes them from other generative approaches. Unl ike tra­
di t ional generative models that generate samples from a simple dis t r ibut ion and transform 
them into complex data, diffusion models operate i n the opposite direction. The reverse dif­
fusion process starts w i th a complex data point and progressively transforms it into simpler 
distributions through a series of steps. 

1 .2 Research Objectives 

This thesis aims to explore and analyze diffusion models' capabilities i n synthesizing images 
and videos, w i t h a part icular focus on categories such as face synthesis, style transfer, 
Image-to-image and Text-to-image translation applications. The overarching goals can be 
summarized as follows: 

1. Get acquainted wi th diffusion model technology and the tools that uti l ize them to 
synthesize images and videos. 

2. Identify categories of images and videos (such as face synthesis, faceswap, etc.) pro­
duced by these models, and for each category, find and familiarize yourself w i t h at 
least one tool that uses them for creation. 

3. For a l l identified categories, find tools that use generative adversarial network tech­
nologies (or others) and choose at least one to operationalize. 

4. Design experiments to verify the difficulty of recognizing media generated by diffusion 
models compared to models based on previous technologies. 

5. C a r r y out the proposed experiments for each identified category of images and videos. 

6. Evaluate the potential security impacts of diffusion models. 

5 



Through this research, we a im to contribute to a deeper understanding of the capa­
bilities, challenges, and security considerations of diffusion models, shedding light on their 
potential applications and impact on the field of generative art if icial intelligence. 

G 



C h a p t e r 2 

Diffusion models 

Diffusion models have emerged as a groundbreaking approach in the field of deep gener­
ative models, demonstrating remarkable capabilities i n the synthesis of structured data, 
including tabular and t ime series data. Th is paradigm shift is notably discussed in the 
comprehensive survey by K o o and K i m (2023), which highlights the advancements and po­
tential of diffusion models i n handling various forms of structured data, a domain that had 
received less attention compared to visual and textual data in deep learning research [16]. 

A t their core, diffusion models work by gradually adding noise to an image or data point 
and then learning to reverse this process. Th is reverse diffusion process essentially involves 
starting wi th a noise-corrupted version of the data and iteratively denoising it to recover the 
original data. This process is characterized by its abi l i ty to model complex distributions, 
making it highly effective in generating high-quality and diverse visual content. 

2 .1 Denoising Diffusion Probabilistic Models ( D D P M s ) 

Denoising Diffusion Probabi l i s t ic Models ( D D P M s ) are a key development in this area. In­
troduced by Nicho l and Dhar iwa l (2021), D D P M s demonstrate how diffusion models can 
achieve competit ive log-likelihoods while maintaining high sample quali ty w i th a few mod­
ifications. The i r work reveals that learning variances of the reverse diffusion process allows 
for sampling wi th significantly fewer forward passes, enhancing pract ical i ty and efficiency 

2.1.1 F o r w a r d Di f fus ion Process 

In a diffusion model's forward process, a sample from the data dis t r ibut ion, xo, is incre­
mentally transformed by adding Gaussian noise over a sequence of steps, resulting in a 
progression x i , . . . , x y . The equation formalizes this process: 

where fit denotes the variance schedule. A s t increases, the original sample xo becomes 
less distinct, approaching a pure noise dis t r ibut ion when t approaches infinity. 

2.1.2 Reverse Di f fus ion Process 

The reverse diffusion process i n diffusion models is a pivotal mechanism where the model 
learns to reverse the diffusion process, transforming a simple noise dis t r ibut ion back into the 

[18]. 
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Figure 2.1: A sequential representation (Markov chain) of the forward ( reverse) diffusion 
process, where a data sample undergoes a gradual transformation by incrementally intro­
ducing (and subsequently subtracting) noise to synthesize a final output. 

complex original data dis t r ibut ion. This process is integral i n generative diffusion models, 
especially when dealing wi th structured data [16]. 

Mathematical ly , the reverse diffusion process can be described by a sequence of condi­
t ional distributions, w i th the a im of reconstructing the original data point x from the latent 
variable z. The process is often represented as: 

pg (xt-11 xt) = M(xt-i;flg(xt,t),E0(xt,t)) 

Here, xt-i and xt are the data points at steps t — 1 and t i n the reverse process, 
respectively. The function fig(xt,t) defines the mean, and Yig(xt,t) defines the covariance, 
both parameterized by 9, the parameters of the model. The goal is to reach XQ, the original 
data point, starting from a dis t r ibut ion of noise at step T. 

In the context of structured data, as highlighted by K o o and K i m (2023), this reverse 
process enables the generation of data that retains the complex patterns and relationships 
inherent i n the original dataset, making it a powerful tool for data synthesis and analysis 
[16]. 

2.2 Deterministic Diffusion Implicit Models (DDIMs) 

Determinist ic Diffusion Implici t Models ( D D I M s ) present a variant of the conventional 
diffusion models, characterized by their deterministic nature. Unl ike stochastic diffusion 
models, D D I M s follow a deterministic path i n the data generation process, offering a more 
predictable and controlled approach to image synthesis [20]. 

Operational Principle 

D D I M s operate by defining a deterministic sequence of latent variables, significantly re­
ducing the randomness in the generation process. The core idea is to uti l ize an iterative 
procedure, where each step is a deterministic function of the previous step's output and the 
model's parameters. Th is approach simplifies the generative process and allows for more 
direct control over the generated output. 

Advantages 

One of the pr imary advantages of D D I M s is their abi l i ty to produce consistent and stable 
outputs, which is part icular ly important in applications requiring high precision. Further-
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more, the deterministic nature of D D I M s simplifies the t ra ining process and can lead to 
faster convergence compared to stochastic models. The i r predictable behavior also makes 
them suitable for tasks where reproducibi l i ty is key. 

Applications 

D D I M s have shown promise i n various applications, especially i n fields that benefit from 
controlled and predictable image synthesis. These include medical imaging, where consis­
tent results are crucial , and artistic endeavors where specific outcomes are desired. The 
deterministic aspect of D D I M s opens up new possibilities i n these areas, al lowing for tai­
lored and precise image generation. 

G P T Certa inly! Here's a concise section comparing D D I M and D D P M , using the already 
cited sources: 

2.3 Comparison between D D I M and D D P M 

Determinist ic Diffusion Implici t Models ( D D I M s ) and Denoising Diffusion Probabi l is t ic 
Models ( D D P M s ) are powerful tools i n generative modeling. W h i l e D D P M s , as discussed 
by Nicho l and Dhar iwa l (2021), leverage stochastic processes for sample generation, en­
suring high sample quali ty and diversity, D D I M s offer a deterministic approach, providing 
consistency and predictabil i ty in outputs, as outl ined by Song and E r m o n (2021). Th is fun­
damental difference in stochasticity versus determinism defines their respective applications 
and advantages in various generative tasks [[18]; [20]]. 

2.4 Generative Adversarial Networks (GANs) 

Generative Adversar ia l Networks ( G A N s ) represent a novel approach i n deep learning, 
especially significant i n the realm of computer vision. Introduced by [12], G A N s comprise 
two neural networks, the generator and the discriminator, engaged in a unique adversarial 
t ra ining methodology. This structure enables G A N s to generate highly authentic data for 
various tasks like image generation, style transfer, etc. 

2.4.1 A d v e r s a r i a l T r a i n i n g M e t h o d o l o g y 

A t the core of G A N s lies the adversarial t ra ining process, wherein the generator network 
creates samples and the discriminator evaluates them. The generator's objective is to fabri­
cate indistinguishable data from genuine data, while the discriminator aims to differentiate 
between real and synthetic data. This process is ak in to a game between the two networks, 
w i th the generator constantly refining its data generation tactics to deceive the discrimina­
tor. 

2.4.2 Chal l enges a n d Progress 

Despite their efficacy, G A N s encounter challenges like model collapse and unstable t raining. 
Recent advancements address these issues by innovating new tra ining methodologies and 
architectures. For instance, the B a s i s G A N introduces a technique to stochastically generate 
basis elements for convolutional filters, effectively reducing the complexity of modeling the 
parameter space without compromising on image diversity or fidelity [23]. 
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2.4.3 C o m p u t e r V i s i o n A p p l i c a t i o n s 

G A N s have profoundly impacted computer vision, offering advancements i n data enhance­
ment, domain transfer, high-quality sample generation, and image restoration. They have 
redefined methods for feature learning and image generation, outperforming conventional 
machine learning algorithms i n several aspects [14]. 

2.4.4 C o m p a r i s o n w i t h Di f fus ion M o d e l s 

W h i l e G A N s and diffusion models share the goal of generating realistic data, they differ 
significantly i n their approach. G A N s generate samples by opt imiz ing a generator network 
to produce indistinguishable data from real data according to a discriminator. In contrast, 
diffusion models leverage a reverse process to unfold complex data progressively. 

Diffusion models have been shown to excel i n capturing long-range dependencies and 
maintaining diversity, offering more stabil i ty during t raining. This dis t inct ion is crucial in 
understanding their applications in cybersecurity, where the detection of synthetic media, 
as explored by C o r v i et a l . (2023), becomes a significant challenge [11]. K o o and K i m (2023) 
also highlight the broader applications of diffusion models i n structured data, underscoring 
their versatili ty compared to G A N s [16]. 

Theoret ical comparisons between G A N s and diffusion models have highlighted the ad­
vantages of diffusion models i n capturing long-range dependencies, preserving diversity, and 
providing better s tabil i ty during t raining. However, bo th approaches have unique strengths 
and weaknesses, making them suitable for different applications. 

In the subsequent chapters, we delve into pract ical implementations and experiments 
to explore and validate the theoretical foundations outl ined i n this chapter further. 
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C h a p t e r 3 

Categorization of AI-Generated 
Visual Content 

3 .1 Introduction 

The evolution of generative models has ushered i n a new era of art if icial intelligence, w i th 
the synthesis of visual ly compell ing content at its forefront. A m i d s t this burgeoning land­
scape, the categorization of Al-generated visual content emerges as a crucial undertaking, 
part icularly w i th the spotlight on diffusion models. Th is chapter delves into the nuanced 
task of categorizing content generated by diffusion models, elucidating their applications, 
challenges, and the underlying mechanisms that define their unique contr ibut ion to visual 
creativity. 

3.1.1 B a c k g r o u n d a n d Signif icance 

The landscape of Al-generated visual content has been reshaped by the advent of diffu­
sion models, offering a distinctive approach to image and video synthesis. F r o m intricate 
face synthesis to complex style transfer, diffusion models have demonstrated a capacity to 
capture intricate patterns and dependencies wi th in the data. Categorizing the outcomes of 
these models becomes pivotal , unlocking a deeper understanding of their applications and 
implications. 

The significance of categorization extends beyond organizational principles; it serves as 
a conduit for unraveling the intricacies of diffusion model-generated content. Such catego­
rizat ion becomes a cornerstone for the exploration of novel applications, the identification 
of l imitat ions, and the harnessing of the creative potential inherent i n these models. 

3.2 Face Synthesis 

3.2.1 D e f i n i n g Face Synthes is i n A I 

Face synthesis i n artificial intelligence (AI) refers to the advanced process of generating 
hyper-realistic human faces using various A I techniques. This technology is p ivota l in 
fields like d igi ta l media, gaming, and security. K e y attributes essential for high-quality 
face synthesis include symmetry, clarity, and photorealism. Symmetry is crucial as human 
perception tends to favor facial balance, enhancing the realism of generated faces. C la r i t y 
is imperative to ensure that the synthesized faces are distinct and detailed, avoiding any 
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blurriness or ambiguity. Last ly, photorealism against ground t ru th images is fundamental: 
the generated faces should closely resemble real human faces, making dist inguishing them 
from actual photographs challenging. Addi t ional ly , the abi l i ty to replicate a range of facial 
expressions adds depth and authenticity, al lowing for dynamic and versatile face synthesis. 

3.2.2 A p p l i c a t i o n s a n d E t h i c a l C o n s i d e r a t i o n s 

The applications of face synthesis using diffusion models span various domains, including 
entertainment, where they are used to create realistic characters in movies and video games. 
They also find applications i n v i r tua l reality and digi ta l marketing, where lifelike avatars 
or personalized content creation is required. 

However, the advent of these technologies raises significant ethical considerations. The 
most prominent concern is the creation of deepfakes, which are synthetic media where a 
person's likeness is replaced wi th someone else's, often without consent. Th is has profound 
implications for misinformation, privacy violations, and even pol i t ica l manipulat ion. 

F rom a cybersecurity perspective, the misuse of face synthesis can lead to identity theft, 
fraudulent activities, and the spread of false information. Hence, while these models open 
new avenues i n digi ta l media, they also necessitate stringent ethical guidelines and robust 
security measures to prevent their misuse. 

The rise of diffusion models i n face synthesis represents a significant leap i n A I capa­
bilities, offering unparalleled realism and potential . However, it 's crucial to balance these 
technological advancements w i th responsible use and ethical considerations to mitigate po­
tential risks i n cybersecurity and societal impacts. 

3.3 Art is t ic Rendering 

3.3.1 A r t i s t i c Style Trans fer w i t h Di f fus ion M o d e l s 

Art i s t i c style transfer has become a significant applicat ion i n the field of A I and computer 
vision, par t icular ly w i t h the advent of diffusion models. These models capture and replicate 
artistic styles w i th remarkable precision and diversity. One of the cr i t ica l requirements in 
artistic style transfer is the faithful representation of the chosen style. Whether the style is 
that of a renowned artist or a specific art movement, the generated image must convincingly 
embody the characteristics and nuances of that style. 

Furthermore, contemporary tools offer the flexibil i ty to generate images either from 
textual descriptions or from existing images. This versatili ty allows for a wide range of 
creative outputs, from reimagining photographs in the style of famous paintings to bringing 
wri t ten artistic visions to life. 

3.4 Image-to-image Translation 

3.4.1 F u n d a m e n t a l s of Image T r a n s l a t i o n 

Image-to-image translat ion marks a p ivota l advancement i n the field of computer vision and 
artificial intelligence, p r imar i ly u t i l iz ing diffusion models. These models have revolutionized 
the way we approach image transformation, enabling the conversion of images from one 
domain to another w i th unprecedented accuracy and detail . Diffusion models work by 
gradually transforming an image through a series of steps, each adding a layer of complexity 
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or alteration. This process allows for a controlled and highly customizable transformation, 
making it ideal for various applications ranging from artistic expression to pract ical image 
enhancement. 

3.5 Super-Resolution 

3.5.1 H i g h - R e s o l u t i o n Image Synthesis 

In image processing, synthesizing high-resolution images using diffusion models like the 
Stable Diffusion x4 Upscaler [6], found on Hugging Face, represents a significant techno­
logical advancement. These models leverage iterative refinement processes to transform 
low-resolution images into detailed, high-resolution outputs. The pract ical applications of 
high-resolution images are vast and varied, encompassing fields such as medical imaging, 
where enhanced image clari ty can lead to more accurate diagnoses, satellite imagery for 
improved environmental analysis, and digi ta l art restoration, enabling the recovery of fine 
details i n historical artworks. The Stable Diffusion x4 Upscaler stands out for its abi l i ty to 
maintain image integrity while enhancing resolution, which is crucial i n applications where 
precision and detai l are paramount. 

3.6 Video Synthesis 

The use of diffusion models i n video synthesis is a significant milestone i n digi ta l content 
creation, thanks to artificial intelligence. Unl ike t radi t ional video product ion techniques, 
Al-generated video relies on advanced algorithms to synthesize video content, often from 
min ima l inputs like images or text. A m o n g the leading tools i n this space are Stabi l i ty A I ' s 
Stable Video Diffusion [9] and CogVideo [13] by the A I L a b at the Computer V i s i o n Center 
( C V C ) . 

These tools represent a paradigm shift i n video creation, offering capabilities to generate 
short video clips, typical ly up to 4 seconds, from static images or text prompts. Stabi l i ty 
AI ' s tool is notable for its abi l i ty to create videos from either an image or a text prompt, 
while CogVideo specializes in text-prompt-based video generation. The applicat ion of diffu­
sion models i n these tools showcases a significant advancement i n A I ' s abi l i ty to understand 
and interpret visual data. 

One of the pr imary issues wi th current A I video synthesis, especially those using diffu­
sion models, is the lack of smoothness i n the generated content. Th is is par t icular ly evident 
in videos involving human expressions, where distortions are often noticeable. The com­
plexity of human facial expressions and movements poses a significant challenge for these 
models, as accurately capturing and reproducing such dynamic details requires sophisti­
cated understanding and processing of temporal and spatial data. 

Another l imi ta t ion is the durat ion of the videos produced. Tools like Stabi l i ty A I ' s 
Stable Video Diffusion and CogVideo are restricted to generating short clips, typical ly 
no longer than 4 seconds. This constraint highlights the challenges i n processing and 
synthesizing longer sequences of video, which would require more advanced handling of 
temporal continuity and narrative coherence. 
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3.7 Text-to-image Synthesis 

3.7.1 B r i d g i n g T e x t a n d V i s u a l s w i t h A I 

Generating images from textual descriptions using diffusion models is a groundbreaking 
development i n A I . Through a carefully orchestrated process of iterative refinement, these 
models translate textual inputs into detailed visual outputs. The underlying mechanism 
involves understanding and interpreting the nuances of the text, followed by a gradual 
development of images through a series of diffusion and reverse-diffusion steps. This method 
stands out for its abi l i ty to capture subtle details and the context of the text, al lowing for 
a more accurate and representative visual representation of the described scene or object. 
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C h a p t e r 4 

Tools and Technologies 

4 .1 Tools for Face Synthesis 

Various tools and technologies have been developed for face synthesis, each leveraging dif­
ferent A I models to achieve realistic results. 

4.1.1 G e n e r a t i v e A d v e r s a r i a l N e t w o r k s ( G A N s ) 

B i g G A N : One of the underlying technologies Artbreeder uses is B i g G A N , which stands for 
B i g Generative Adversar ia l Networks. Introduced i n the paper „Large Scale G A N Training 
for H i g h F ide l i ty Na tu ra l Image Synthesis" [10], B i g G A N is known for its abi l i ty to generate 
high-resolution, high-quality images. It utilizes a large-scale approach to training, employ­
ing massive datasets and increased batch sizes, which significantly improves the quali ty 
and diversity of the generated images. Th is model is par t icular ly effective in synthesizing 
detailed and realistic facial features when used for face synthesis. 

S t y l e G A N : Addi t ional ly , Artbreeder employs S t y l e G A N , another advanced version of 
G A N introduced by Tero Karras , Samuli Laine, and T i m o A i l a in their paper „A style-based 
generator architecture for generative adversarial networks" [15]. S t y l e G A N is renowned for 
its novel approach of controll ing the synthesis process through styles, which adjust features 
at different levels of detail . Th is allows for unprecedented control over facial attributes, 
making it highly effective for creating nuanced and diverse facial images. 

Artbreeder: Artbreeder itself is a platform that allows users to explore and manipulate 
images through a simple interface, combining aspects of B i g G A N and S t y l e G A N . It offers 
users the abi l i ty to blend and evolve images, effectively 'breeding' new visuals from existing 
ones [1]. Th is platform is par t icular ly noted for its abi l i ty to merge facial features seamlessly, 
resulting i n highly customizable and unique outputs. Artbreeder 's u t i l iza t ion of text-to-
image generation capabilities further enhances its versatil i ty i n creative applications. 

Properties of Artbreeder: Artbreeder excels in user interact ivi ty and ease of use, 
providing tools that allow even novices to create professional-level images. It also supports 
a collaborative environment where users can share and evolve images collectively, fostering 
a community of creators enhancing each other's work. 

4.1.2 Di f fus ion M o d e l s 

A type of generative models called diffusion models has greatly advanced image synthesis, 
part icularly i n generating realistic human faces from textual descriptions. These models 
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work by gradually transforming a random noise dis t r ibut ion into a coherent image through 
a process that effectively reverses diffusion, a concept derived from statist ical physics. 

Stable Diffusion: A prominent example of diffusion models is Stable Diffusion, which 
has been widely adopted for its efficiency and high-quality outputs. Developed by Stabi l i ty 
A I , Stable Diffusion allows for generating photorealistic images based on textual descrip­
tions. The model's latest i teration, Stable Diffusion V 3 , has further refined the synthesis 
process, enhancing the clari ty and realism of generated faces [21]. 

Implementation in W e b Interfaces: Tools such as A U T O M A T I C 1 I l l ' s Stable Dif­
fusion W e b U I and NightCafe Creator Studio allow users to generate images from text 
prompts w i th added styles. It also provides the option to add a negative prompt, choose the 
size of the output batch, and adjust the size of the generated images. A U T O M A T I C 1 I l l ' s 
W e b U I provides an open-source interface that simplifies interaction wi th the Stable Diffu­
sion model, enabling users to generate images directly from their browsers [8]. NightCafe 
Creator Studio leverages Stable Diffusion V 3 to offer enhanced capabilities in face synthe­
sis, al lowing users to create highly detailed and expressive facial images from simple text 
prompts [19]. 

4.2 Tools for Art is t ic rendering 

4.2.1 G e n e r a t i v e A d v e r s a r i a l N e t w o r k s ( G A N s ) 

Artbreeder, an innovative platform for artistic rendering, merges the powerful capabilities 
of B i g G A N and S t y l e G A N to offer users an interactive canvas for creative expression. This 
tool excels i n the art of visual synthesis, enabling users to blend and morph images to 'breed' 
entirely new visual forms. Artbreeder stands out for its seamless fusion of facial features, 
facil i tating the creation of uniquely customized artistic outputs. Th is is achieved through 
its intuit ive interface, which simplifies the complex algorithms into user-friendly controls 
for artistic manipulat ion. The integration of text-to-image generation techniques further 
broadens its application, al lowing for the transformation of verbal ideas into stunning visual 
representations [1]. 

4.2.2 Di f fus ion M o d e l s 

In the artistic domain of image generation, diffusion models like Stable Diffusion [8] and 
Midjourney [3] excel i n transforming creative concepts into visually s t r iking artworks. Sta­
ble Diffusion, renowned for its flexibil i ty and open-source accessibility, facilitates intricate 
style transfers that cater to diverse artistic preferences. It supports a variety of artistic 
styles, including Cinemat ic visuals, Ana log F i l m aesthetics, Fantasy A r t creations, and 
Impressionist paintings, each offering a unique pathway to visual storytell ing. Midjourney 
further extends these capabilities, adeptly converting text and images into art is t ical ly styled 
outputs that resonate wi th both contemporary and t radi t ional artistic tastes. These tools 
showcase the profound impact of diffusion models in producing images that are not only 
stylist ically diverse but also r ich i n creative expression and visual appeal. 
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4.3 Tools for Image-to-Image Translation 

4.3.1 E x p l o r a t i o n of Too l s 

Stable Diffusion M o d e l 

The Stable Diffusion img2img model, a standout i n the domain of latent diffusion pro­
cesses, offers advanced capabilities for image-to-image translation. This model excels in 
interpreting and transforming input images based on directive text prompts, al lowing for 
nuanced adjustments that mainta in the original context while infusing new artistic or real­
istic elements. It is par t icular ly effective for applications i n d igi ta l art, photo restoration, 
and creative content generation, where contextual coherence and aesthetic enhancement 
are crucial [4]. 

Artbreeder G A N M o d e l 

The Artbreeder M i x e r employs a Generative Adversar ia l Network ( G A N ) to facilitate dy­
namic image manipulat ion and blending. Users can adjust the influence of input images and 
associated text prompts to produce a range of outputs from subtle modifications to drastic 
transformations. Th is model is widely used in fields such as character design, landscape 
modification, and other creative endeavors that benefit from high degrees of customization 
and iterative exploration [2]. 

european city with hill 
relistic, photography 

steel tower with person 
going up the tower, sunny 

ceramic black plate of fruits 
on wooden table with 
bannanas, oranges, apples 
and grapes, ultra quality 

Figure 4.1: Images generated from images guided by prompt by A U T O M A T I C 1 I l l ' s Stable 
Diffusion web U I 

4.4 Tools for Super-Resolution 

4.4.1 R e a l - E S R G A N 

R e a l - E S R G A N [22] is an advanced Generative Adversar ia l Network designed to tackle 
the challenge of enhancing the perceptual quali ty of images that have undergone real-
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world degradations. It utilizes robust t raining methodologies involving synthetic data to 
simulate a variety of image quali ty issues commonly found i n real-wo r id scenarios. Whi l e 
R e a l - E S R G A N significantly improves the sharpness and clari ty of images, it may introduce 
specific artifacts like r inging or overshooting, which is par t icular ly evident i n scenarios 
involving complex degradations. Th is makes it bo th a powerful and a delicately balanced 
tool for super-resolution tasks [7]. 

4.4.2 Stable Di f fus ion x4 U p s c a l e r 

Stable Diffusion x4 Upscaler [17], specifically designed to work w i t h images produced 
by Stable Diffusion models, this upscaler employs diffusion-based techniques to enhance 
image resolution by up to four times. It maintains the artistic integrity and detail of the 
original outputs while scaling them up to higher resolutions. The upscaler's effectiveness 
is tai lored to images wi th part icular characteristics typica l of diffusion model outputs, 
making it somewhat specialized. Addi t ional ly , this upscaling process is resource-intensive, 
requiring significant computat ional power, which might l imi t its accessibility or practical i ty 
in resource-constrained environments [5]. 

4.5 Tools for Video Synthesis 

4.5.1 S table V i d e o Di f fus ion T o o l 

Stable Video Diffusion, developed by Stabi l i ty A I and detailed i n the paper Stable Video 
Diffusion: Scaling Latent Video Diffusion Models to Large Datasets [9], innovates i n video 
generation from textual descriptions by implementing a three-stage t ra ining process. The 
in i t i a l stage involves image pretraining using a text-to-image diffusion model, preparing 
the system for more complex video tasks. The second stage, video pretraining, leverages 
a large dataset of videos to adapt the model to dynamic content. The final stage, video 
finetuning, polishes the model by t ra ining on a curated subset of high-quality videos to 
enhance resolution and mot ion realism. Despite its sophisticated architecture, it may s t i l l 
exhibit occasional abrupt transitions between video frames. 

4.5.2 C o g V i d e o T o o l 

CogVideo is model for short video generation from text, described i n the paper CogVideo: 
Large-scale Pretraining for Text-to-Video Generation via Transformers [13]. This model 
harnesses transformer-based architectures for converting text into video sequences, ensur­
ing coherence over extended durations and varied content. It is distinguished by its efficient 
management of complex, dynamic video content generation, though it currently faces l i m ­
itations in output resolution and durat ion, which may impede usage i n more demanding 
scenarios. 

4.6 Tools for Text-to-image Synthesis 

4.6.1 S table Di f fus ion 

Stabi l i ty A I ' s Stable Diffusion is a groundbreaking open-source tool that leverages diffusion 
models for text-to-image synthesis [8]. Th is tool enables image creation using guided and 
unguided prompts, offering users extensive control over the image generation process. B y 
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incorporating specific terms such as „ p h o t o g r a p h y " , „real is t ic" , and „u l t ra quali ty" into 
prompts, users can guide the model towards producing exceptionally photo-realistic images. 
This mimics the output one might expect from high-end photography equipment, thereby 
elevating the realism and fidelity of the generated images. 

4.6.2 A r t b r e e d e r G A N M o d e l 

Artbreeder utilizes Generative Adversar ia l Networks ( G A N s ) to facilitate a highly interac­
tive form of image creation. B y manipula t ing genes — analogous to image characteristics 

— users can subtly influence the appearance and style of the generated images. Th is model 
excels i n producing variations of existing images or combining mult iple images into a new, 
unique output, offering a high level of detail and customization i n response to user input 
[2]. 

4.6.3 N i g h t C a f e Di f fus ion M o d e l 

NightCafe Studio employs diffusion models to transform detailed textual prompts into v i v i d 
images. It supports a wide array of artistic styles and realism levels, enabling users to specify 
exactly what k ind of artistic output they desire, from abstract art to ultra-realistic portraits. 
Th is model's effectiveness i n generating high-quality images from complex prompts makes 
it an invaluable tool for artists and creators exploring the intersection of A I and art [19]. 
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C h a p t e r 5 

Integration and Experimentation 

5 .1 Integration of Selected Tools 

5.2 Experimental Design 

These experiments a im to evaluate the performance of selected tools across various cate­
gories of Al-generated visual content. These categories include face synthesis, video syn­
thesis, text-to-image, image-to-image, artistic rendering and super-resolution (upscaling). 
The following subsections outline the experimental setup and define metrics for assessing 
the generated content's quality, diversity, and realism. 

5.2.1 G e n e r a l M e t h o d o l o g y 

Each experiment w i l l involve generating content using the specified tools and assessing the 
outputs based on predefined metrics. The experiments w i l l be conducted in controlled 
environments to ensure consistency in the evaluation process. 

5.2.2 Face Synthesis 

Task 

Generate photorealistic human faces wi th different facial expressions, nationalities, genders, 
and ages. Then, compare the outputs of two tools that use G A N and Diffusion models, 
respectively, by using text prompts. 

Metrics 

• Qual i ty : Assess the clari ty and photorealism against ground t ru th images. 

• Diversi ty: Evaluate the variety i n facial features and expressions using a diversity 
index. 

• Real ism: Conduct a user study for subjective assessment of realism. 

Text prompts 

Through tools like Artbreeder ( G A N ) and Stable Diffusion, ut i l ized by Creator Nightcafe, 
images are generated from text prompts using default style. Examples of used prompts: 
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,filderly European man portrayed with a wise and content expression, his thinning white 
hair and beard adding to his dignified appearance, wrinkles, photorealistic." 

teenage Hispanic girl with an expression of surprise, her long, wavy brown hair cas­
cading, realism in her raised eyebrows and slightly open mouth highlights her youthful spon­
taneity, photorealism" 

„young Middle Eastern man with a composed expression, thick wavy hair and detailed 
stubble, photorealistic" 

D a t a Collection 

In this analysis, the users were given 12 images that were generated from six different 
prompts. B o t h A I platforms created images for each prompt, ensuring a balanced com­
parison. Users rated each image on a scale of 1 to 5, based on its realism, adherence to 
the prompt, and artistic quality. In summary, 54 responses were considered that contained 
some variety i n answers and had non-algorithmic responses. 

BigGAN & Stable BigGAN & Stable 
StyleGAN Diffusion StyleGAN Diffusion 

Figure 5.1: Results of human face generation wi th different age groups, nationalities and 
expressions, comparison of generation by chosen G A N model and Diffusion model 

Statistical Analysis 

The user ratings were analyzed using descriptive statistics, including mean, standard de­
viat ion, and confidence intervals, to determine which model performed better in various 
assessed categories. 

Quantitative Results 

The average scores for each model across different categories were as follows: 
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M o d e l Accuracy and Deta i l Real ism 

Diffusion ( D F ) 4.07 3.80 
Generative Adversar ia l Network ( G A N ) 3.31 3.61 

Table 5.1: Average user ratings for the Diffusion and G A N models 

Stat is t ical results indicated differences i n performance between the two models, as de­
tai led i n Table 5.1 and G r a p h 5.2. 

Comparison of Diffusion Model and GAN by Metric 
Diffusion Model 
CAN 

accuracy realism 
Metric 

Figure 5.2: Compar ison of scores between G A N and Diffusion models for generating face 
images using chosen metrics from user survey i n the range of 1 to 5. 

Qualitative Feedback 

User comments suggested preferences for specific models based on factors like realism and 
artistic interpretation, which provided deeper insights into the strengths and weaknesses of 
each model. 

Conclusion 

The analysis revealed that the diffusion model generally outperformed the generative ad­
versarial network model i n both accuracy and realism. This suggests that diffusion models 
may be more adept at generating more detailed and realistic facial images according to user 
evaluations. 

This study provides valuable insights into the capabilities of advanced A I art models in 
creating diverse and realistic facial images. Future research could explore further w i th a 
larger dataset or addi t ional models to enhance the robustness of the findings. 

5.2.3 V i d e o Synthes is 

Task 

Generate short video clips from images or text prompts. 
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Metrics 

• Smoothness: Measure frame-to-frame continuity using opt ical flow algorithms. 

• Real ism: Subjective assessment through user surveys. 

• F ide l i ty : Compare synthesized videos wi th source mater ial using Structura l Simi lar i ty 
Index (SSIM) . 

Stable V ideo Diffusion 

Stable Video Diffusion, developed by Stabi l i ty A I [9], is designed to generate realistic and 
scalable video sequences from textual descriptions. The tool generates short videos from 
prompt text, w i t h occasional abrupt transitions that can undermine realism and deform 
shapes. 

The result videos have parameters of 7 frames per second, dimensions 768x768 px, and 
length 4 seconds. They were generated approximately in 1-2 minutes. 

Figure 5.3: Selected frames from the video generated through stable diffusion. 

CogVideo 

CogVideo [13], employs transformer-based architectures to convert text into corresponding 
video content. Its constrained output resolution and durat ion are the pr imary challenges, 
which may affect its pract ical applications in more demanding scenarios. 

Result videos have parameters of 5 frames per second and dimensions 480x480 px and 
length 3 seconds, videos were generated approximetely i n 9 minutes. 
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Figure 5.4: Selected frames from the video generated through CogVideo . 

In the preview of the image sequence referenced as 5.3 and 5.4, there are examples of 
human faces where the movement is focused on the head and flowing hair. There is also 
an example of a person walking i n the mountains where the movement is focused on the 
movement of hands and legs. Another example is of nature, where the main movement is 
zooming in on a deer. 

5.2.4 T e x t - t o - i m a g e 

Task 

Generate images from textual descriptions, text prompts should be as detailed and specific 
as possible. 

Metrics 

• Accuracy: Evaluate the correspondence between text and generated images. 

• Creat iv i ty : Assess the novelty of the generated images using a creativity score. 

• Deta i l : Ana lyze the intr icacy and clari ty of details i n the images. 

Text prompts 

Through tools like Artbreeder ( G A N ) and Stable Diffusion, ut i l ized by Creator Nightcafe, 
images are generated from text prompts using default style. Examples of used prompts: 

nighttime scene of the bustling streets of Tokyo, showcasing neon lights and towering 
digital billboards. The image includes a detailed depiction of diverse pedestrians ranging 
from businessmen to young fashionistas, vendors selling street food, and a glimpse of a 
passing high-speed train with the city's skyline in the background" 

Retailed image of a quaint Armenian small city during sunset, the scene includes tradi­
tional stone houses with carved wooden balconies, cobblestone streets bustling with vendors 
selling fresh produce, and an ancient stone church with a distinctive khachkar (cross-stone) 
in front. The background features the rugged Caucasus Mountains tinted in the orange glow 
of the setting sun" 

,jiotorealistic image of an early morning in a dense, misty forest. The scene captures 
the dew on vibrant green ferns and wildflowers, a small deer peering through the foliage, and 
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rays of sunlight breaking through the high treetops, illuminating a narrow stream winding 
through the forest floor" 

D a t a Collection 

In this analysis, users evaluated 10 images generated from several prompts using both A I 
platforms. Each image was rated on a scale from 1 to 5, focusing on the accuracy, detail , and 
realism of the generated images. In summary, 54 responses were considered that contained 
some variety i n answers and had non-algorithmic responses. 

Stable BigGAN & Stab le BigGAN & 

Figure 5.5: Results of different environments image generated by chosen G A N model and 
Diffusion model 

Statistical Analysis 

User ratings were analyzed using mean scores and standard deviations to determine which 
model performed better in terms of detailed accuracy and realism. 

Quantitative Results 

The average scores for each model across the categories were as follows: 

M o d e l Accuracy and Deta i l Real ism 

Diffusion ( D F ) 3.54 2.42 
Generative Adversar ia l Network ( G A N ) 2.82 3.37 

Table 5.2: Average user ratings for the Diffusion and G A N models in environmental image 
generation 

Stat is t ical results suggest that the diffusion model outperforms the G A N in accuracy 
and detail , whereas the G A N scores higher i n realism. 
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Comparison of Diffusion Model and GAN by Metric 
M Diffusion Model 

GAN 

1 
accuracy realism 

Metric 

Figure 5.6: Compar ison of scores between G A N and Diffusion models for generating images 
of detailed environment using chosen metrics from user survey i n the range of 1 to 5. 

Qualitative Feedback 

User comments provided further insights, indicat ing preferences for specific models based 
on their perceived accuracy i n reflecting the prompts and the realism of the environments 
depicted. 

Conclusion 

The study offers valuable insights into how different A I models perform in generating envi­
ronmental images from text prompts, w i th each model showing part icular strengths. Fur­
ther research wi th more varied prompts and larger datasets could provide more definitive 
conclusions. 

5.2.5 Image- to - image T r a n s l a t i o n 

Task 

Transform images from one domain to another using two different models: the Stable 
Diffusion model and a G A N model from Artbreeder. 

Metrics 

• F ide l i ty : Compare wi th original images for content preservation. 

• Qual i ty : Assess resolution and clarity. 

• Aesthetic Value: Rate the artistic appeal of the translated images. 

Evaluation of Results 

Stable Diffusion M o d e l The Stable Diffusion model excelled i n composit ion and detail 
retention between input and output images. However, it generally produces less realistic 
images, making it apparent that the images are Al-generated. In images w i t h more than 
two people, facial features often lose precision. 
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Artbreeder G A N M o d e l The G A N model used i n Artbreeder closely replicated the 
composit ion of the input image, though not as precisely as the diffusion model . W h e n the 
text prompt is given more weight, this model can produce more realistic lines, but at the 
expense of diminishing the influence of the original image composit ion. 

Figure 5.7: Results of image + text to image generation by chosen G A N model and Diffusion 
model 

Refer to Figure 5.7 for a visual comparison of the results generated by the Stable Dif­
fusion and Artbreeder G A N models. 

5.2.6 A r t i s t i c R e n d e r i n g 

Task 

Perform style transfer to render artistic effects on images. 

Metrics 

• Style Al ignment : Evaluate how closely the generated image aligns wi th the intended 
artistic style using a style-match score. 

• Content Preservation: Measure the degree to which the original content of the image 
is preserved. 

• Aesthetic A p p e a l : Rate the visual appeal and artistic quali ty through expert reviews. 

This section evaluates the performance of two A I models, the diffusion model used 
on Stable Diffusion Web and the generative adversarial network model ( G A N ) used on 
Artbreeder, i n generating artistic style images. The evaluation focuses on how accurately 
the images contain a l l details of the text prompt (Accuracy and Details) and how well the 
images al ign wi th the chosen artistic style (Style Al ignment ) . 
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D a t a Collection 

Users rated 10 images generated from different artistic prompts, using both A I platforms. 
Each image was rated on a scale from 1 to 5, where 1 means least accurate or best style 
alignment and 5 means most accurate or best style alignment. In summary, 54 responses 
were considered that contained some variety i n answers and had non-algorithmic responses. 

BigGAN & Stab le BigGAN & Stab le 
Sty leGAN Di f fus ion Sty leGAN Di f fus ion 

Figure 5.8: Results of images wi th different artistic styles generated by chosen G A N model 
and Diffusion model 

Statistical Analysis 

User ratings were analyzed to determine which model performed better i n terms of detailed 
accuracy and style alignment. 

Quantitative Results 

The average scores for each model i n the categories of Accuracy and Details and Style 
Al ignment were as follows: 

M o d e l Accuracy and Details Style Al ignment 

Diffusion ( D F ) 3.69 3.71 
Generative Adversar ia l Network ( G A N ) 3.72 3.49 

Table 5.3: Average user ratings for the Diffusion and G A N models in artistic style image 
generation 

The results show a very close competi t ion between the two models in terms of detailed 
accuracy, w i th the G A N model slightly leading. However, the diffusion model performs 
slightly better in aligning wi th the artistic style as perceived by the users. 
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Figure 5.9: Compar ison of scores between G A N and Diffusion models for generating images 
in specific artistic style using chosen metrics from user survey i n the range of 1 to 5. 

Qualitative Feedback 

User comments highlighted specific preferences for model outputs, not ing which model 
better captured the essence of the artistic prompts and maintained style consistency. 

Conclusion 

The analysis provides insights into the nuanced capabilities of the diffusion and G A N models 
in artistic image generation. The slight differences in scores suggest that both models have 
their strengths, w i th the G A N model excelling slightly i n detail accuracy and the diffusion 
model i n style alignment. 

This comparative study helps to understand the effectiveness of different A I models in 
artistic style image generation. It underscores the importance of choosing the right model 
based on the specific needs of detail accuracy and style alignment. Further exploration wi th 
a broader range of artistic styles and prompts might provide more definitive conclusions. 

5.2.7 Super -re so lu t ion (upscaling) 

Task 

Enhance the resolution of images. Ana lyze upscaled images and compare them to original 
images, downscaled images and upscaled images from other model. 

Metrics 

• Resolut ion Enhancement: Quantify the increase i n resolution using Peak Signal-to-
Noise Ra t io ( P S N R ) . 

• Image Qual i ty : Evaluate clari ty and detail preservation post-upscaling using S S I M . 

• Ar t i fac t Measurement: Assess the presence of any upscaling artifacts such as blurr ing 
or pixelat ion. 
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Models and Performance 

• R e a l - E S R G A N [22]: Th is G A N - b a s e d model is opt imized for real-world degrada­
tions and enhances the perceptual quali ty of images. 

• Stable Diffusion x4 Upscaler [17]: Designed specifically for images generated by 
Stable Diffusion models, this diffusion-based upscaler enhances image resolution.. 

upscaled original 
image 4x image 

upscaled downscaled 
image 4x image <128px) 

Figure 5.10: Upscaled image using R e a l - E S R G A N . 

• nightmareai/real-esrgan: Produces better results w i th smoother lines and quicker 
generation time, approximately 0.64 seconds on N v i d i a T 4 G P U hardware. Input 
image parameters: 128x128 pixels, upscaling scale = 4. 

• lucataco/stable-diffusion-x4-upscaler: Produces a grainier image and takes ap­
proximately 4.21 seconds longer on N v i d i a A100 G P U hardware. Input image param­
eters: 128x128 pixels, upscaling scale = 4. 
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upscaled original 
image 4x image 

upscaled downscaled 
image 4x image <128px) 

Figure 5.11: Upscaled image using Stable Diffusion x4 Upscaler. 

Edge Detection of Upscaled Images 

In this section, we examine the effect of image upscaling techniques on the preservation 
and enhancement of details. Specifically, we use edge detection algorithms to evaluate how 
different upscaling methods like Stable Diffusion x4 Upscaler and R e a l - E S R G A N affect the 
perceived detai l i n images. Edge detection is a crucial step i n identifying the amount of 
detail an upscaler can extract from a low-resolution image. The detection of edges i n an 
image highlights areas of rapid intensity change, which are typical ly indicative of important 
features and details. 

L a t e n t D i f f u s i o n M o d e l + ( O p e n C L I P - V i T / H ) R e a l - E S R G A N 

Figure 5.12: Detected edges of upscaled images by Stable Diffusion x4 Upscaler and Real -
E S R G A N . 

The images processed wi th R e a l - E S R G A N generally exhibit a higher number of detected 
edges compared to those processed wi th Stable Diffusion x4 Upscaler. Th is observation 
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suggests that R e a l - E S R G A N may be more effective at enhancing or preserving fine details 
i n low-resolution images during the upscaling process. 

P y t h o n Code for Edge Detection The following P y t h o n code is used to detect edges 
in the upscaled images. This method utilizes the Canny edge detector, which is effective at 
highlighting significant edges by detecting sharp changes in intensity across the images. 

import cv2 
import numpy as np 
import matplotlib.pyplot as p i t 

def detect_edges(image_path, result_path): 
# Load image in grayscale 
img = cv2.imread(image_path, cv2.IMREAD_GRAYSCALE) 

# Apply Gaussian blur to reduce noise 
img_blurred = cv2.GaussianBlur(img, (3, 3), 0) 

# Detect edges using Canny edge detector 
edges = cv2.Canny(img_blurred, thresholdl=100, threshold2=200) 

pit.imshow(edges, cmap = ,gray') 
pit.ti t l e ( " D e t e c t e d Edges") 
pit.savefig(result_path) 

return edges 

This script is designed to be executed for each upscaled image to assess the effectiveness 
of the upscaling method. It outputs images wi th detected edges, which are then analyzed 
to determine the quali ty of detai l enhancement. 
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C h a p t e r 6 

Conclusion and Summary 

6 .1 Evaluation of Experiments 

This section consolidates and interprets the experiments results to evaluate the performance 
of diffusion models ( D M ) and generative adversarial networks ( G A N ) across various visual 
content generation tasks, including face synthesis, text-to-image, and artistic rendering. 
The experiments were designed to assess both the accuracy and detai l of the images gener­
ated from text prompts and their realism, as well as style alignment in artistic rendering. 

6.1.1 Face Synthesis 

In the face synthesis category, diffusion models demonstrated a higher capabil i ty for gen­
erating detailed and accurate facial features from text prompts compared to G A N s . The 
D M average user rat ing for accuracy and detai l was significantly higher, indicat ing a more 
precise interpretation of the textual descriptions into visual content. However, for realism, 
while diffusion models were slightly better, the difference was less pronounced, suggesting 
that both model types have substantial capabilities, but diffusion models may edge out 
slightly i n capturing the nuanced expressions and features specified i n the prompts 5.1. 

6.1.2 T e x t - t o - i m a g e ( E n v i r o n m e n t generat ion) 

Similar trends were observed i n the text-to-image synthesis category. Diffusion models con­
sistently outperformed G A N s i n terms of detailed accuracy, closely matching the textual 
descriptions wi th high fidelity in the generated images. However, when evaluating the real­
ism of environments depicted i n the images, such as cities, towns, and natural landscapes, 
G A N s received higher user ratings. Th is indicates that while D M s excel i n detail precision, 
G A N s may offer a more realistic portrayal of broader environmental scenes 5.2. 

6.1.3 A r t i s t i c R e n d e r i n g 

Art i s t i c rendering experiments showed a more balanced performance between diffusion mod­
els and G A N s . B o t h types of models scored s imilar ly i n terms of style alignment, indicat ing 
their effective capacity to adapt to different artistic styles as dictated by the prompts. How­
ever, in accuracy and detai l of capturing a l l elements described in the text, diffusion models 
slightly led, reinforcing their strength i n closely following complex textual instructions to 
produce visual ly detailed outputs 5.3. 
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6.1.4 Super -re so lu t ion (upscaling) 

Quantitative Results 

R e a l - E S R G A N showed better performance i n enhancing the resolution of images while 
maintaining smoother lines and less graininess compared to the Stable Diffusion x4 U p -
scaler. The P S N R and S S I M metrics indicated better performance of R e a l - E S R G A N re­
garding both resolution enhancement and image quality. The edge detection results further 
supported these findings, w i th R e a l - E S R G A N images displaying more detected edges, sug­
gesting better detai l preservation and less artifact introduct ion during upscaling. 

6.1.5 Image-to- image 

The comparative study of the Stable Diffusion model and the Artbreeder G A N model in 
the task of image-to-image translation wi th textual prompts highlighted distinct strengths 
and l imitat ions of each technology. 

The experiments conducted demonstrated that the Stable Diffusion model excels in re­
taining the composit ion and detail of the source images more effectively than the Artbreeder 
G A N model . Th is capabil i ty is par t icular ly evident when the input images contain complex 
arrangements or detailed elements that need to be preserved in the translated output. The 
Stable Diffusion model's abi l i ty to mainta in these aspects offers significant advantages for 
applications where fidelity to the original image's composit ion is cr i t ical . 

Conversely, while the Artbreeder G A N model also performed well in replicating the 
composit ion, it d id not match the precision of the diffusion model . However, it was noted 
that the G A N model could produce images w i t h more realistic appearances when the text 
prompt emphasized creative or interpretative outputs over strict adherence to the original 
composit ion. This suggests that the G A N model may be preferable when a balance between 
creative flexibility and composit ion fidelity is desired. 

In conclusion, the Stable Diffusion model is more suited for image-to-image translation 
tasks that require high fidelity to the source image's composition, especially when supple­
mented by text descriptions. It provides a robust framework for ensuring that the input 's 
cr i t ical elements and overall structure are accurately reflected i n the output. Th is finding 
is crucial for applications i n fields such as d igi ta l art restoration, medical imaging, and any 
other area where maintaining the integrity of the original image is paramount. 

6.1.6 V i d e o generat ion f r o m text 

The experiments conducted wi th the Stable Video Diffusion and CogVideo models aimed 
to explore the capabilities of contemporary A I technologies in generating short video clips 
from textual descriptions. Despite the technological advancements represented by these 
models, the video synthesis task highlighted significant challenges, par t icular ly wi th the 
diffusion model, i n terms of achieving realistic and continuous video outputs. 

W h i l e superior i n several aspects such as frame rate and resolution compared to CogVideo , 
the Stable Video Diffusion model s t i l l faced difficulties i n maintaining realism and smooth 
transitions between frames. Users often noted that the video sequences, al though impres­
sive i n their abi l i ty to generate coherent scenes from text, suffered from abrupt transitions 
and occasionally distorted forms, which significantly detracted from the realism of the 
videos. These issues were part icular ly evident i n sequences requiring complex movements 
or detailed animations, such as flowing hair or walking motions. 
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Furthermore, the short length of the videos, typical ly around 4 seconds, and the low 
frame rate of 7 frames per second imposed by the current capabilities of the Stable Video 
Diffusion model l imi t the pract ical applications of this technology in scenarios where longer 
and more fluid video content is required. This is a considerable l imi ta t ion for use cases 
such as filmmaking, animated content creation, or any digi ta l media product ion that seeks 
to convey a narrative or detailed act ion over time. 

In conclusion, while the Stable Video Diffusion model demonstrates promising advance­
ments i n the field of A l - d r i v e n video synthesis, the results remain somewhat experimental 
and showcase the infancy of this technology i n dealing wi th the complexities of realistic, 
continuous video generation. Future developments must focus on enhancing the smooth­
ness of transitions, extending the length of the video output, and improving the frame rate 
to meet the demands of more realistic and pract ical applications. The field of A I video 
synthesis, al though rapidly evolving, s t i l l has significant hurdles to overcome before it can 
produce consistently realistic and commercial ly viable video content from textual or image 
inputs. 

6.2 User Studies 

User studies were conducted to gather subjective assessments of the generated images across 
al l experiments. Part icipants rated images on a scale from 1 (least accurate or realistic) to 
5 (most accurate or realistic), providing insights into the perceived quali ty of the content 
produced by diffusion models and G A N s . 

6.2.1 O v e r a l l U s e r Feedback 

Across a l l categories, users appreciated the high level of detail and accuracy 5.2 5.1 in images 
generated by diffusion models. These models were part icular ly noted for their abi l i ty to 
translate detailed text prompts into clear, concise visual representations. In contrast, G A N s 
were often preferred for their abi l i ty to render environments w i th a greater sense of realism, 
suggesting that they might be better suited for tasks where atmospheric or holistic scene 
composit ion is cr i t ical . 

6.2.2 Impl ica t ions for M o d e l Select ion 

The user feedback highlights an essential consideration for selecting between diffusion mod­
els and G A N s based on a task's specific needs. Diffusion models are preferable for appli­
cations requiring high fidelity to detailed prompts. Conversely, for projects where overall 
realism and environmental feel are more important , G A N s might be the better choice. 

This comparative analysis underscores the importance of al igning the choice of model 
w i th the specific objectives and requirements of the visual content generation task at hand. 
Future research could explore hybr id models that combine the strengths of both D M s and 
G A N s to enhance both detail accuracy and environmental realism. 

6.3 Security Implications of Diffusion Models 

W i t h the increasing capabilities of A I in synthesizing realistic images and videos, diffusion 
models pose unique security challenges. Th is section discusses potential risks and measures 
to mitigate them. 
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6.3.1 P o t e n t i a l R i s k s 

• Deepfakes: The abi l i ty of diffusion models to generate photorealistic human images 
and videos can be exploited to create misleading or harmful content, such as fake 
news or impersonation. 

• D a t a Privacy: There are concerns regarding the use of personal data i n t raining 
these models without consent, leading to privacy violations. 

• Misinformation: Enhanced capabilities i n generating realistic environments and 
scenarios can contribute to the spread of misinformation. 

6.3.2 M i t i g a t i o n Strategies 

• Watermarking: Implementing digi ta l watermarks to trace and authenticate A I -
generated content. 

• Regulation: Establ ishing clear legal frameworks to govern the use and applicat ion 
of generative models. 

• Publ ic Awareness: Educa t ing the public about the nature of Al-generated content 
and potential abuses. 

6.4 Summary 

This thesis has presented a comprehensive analysis of diffusion models (DMs) and generative 
adversarial networks ( G A N s ) across a range of applications i n Al-generated visual content. 
The experiments were strategically designed to compare these technologies on their abi l i ty 
to generate realistic and accurate images, videos, and artistic renderings from textual and 
image prompts. Here, we summarize the core findings and their broader implications. 

6.4.1 K e y F i n d i n g s 

• Detai l and Accuracy: Diffusion models consistently demonstrated superior per­
formance i n generating detailed and accurate representations, especially when trans­
forming detailed text prompts into high-fidelity images. Th is was notably evident 
in face synthesis and text-to-image translations, where D M s excelled i n capturing 
intricate details that closely matched the input descriptions. 

• Realism: In tasks requiring a realistic depiction of broader environmental scenes, 
G A N s often outperformed D M s . This suggests G A N s ' strength lies i n rendering com­
plex textures and life-like scenarios, making them part icular ly effective for applications 
requiring high levels of environmental realism. 

• Art is t ic Rendering: B o t h model types showed comparable capabilities i n artistic 
style transfers, indicat ing their effective applicat ion i n creative industries. However, 
diffusion models slightly edged out in maintaining textual detail w i th in artistic inter­
pretations. 

• V ideo Synthesis: Despite the potential shown by diffusion models in generating 
short video clips from textual prompts, significant challenges remain in achieving 
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realistic and smooth transitions. These shortcomings highlight the developmental 
infancy of A I i n producing dynamic and continuous video content. 

• Super-resolution: A m o n g upscaling technologies, the R e a l - E S R G A N emerged as a 
superior choice, offering enhanced image quali ty w i th fewer artifacts, which is cr i t ical 
for applications like d igi ta l restoration or medical imaging where detail preservation 
is paramount. 

6.4.2 Impl ica t ions 

The findings from this thesis contribute valuable insights into the evolving landscape of A I 
technologies i n visual content generation. B y delineating the strengths and weaknesses of 
diffusion models and G A N s across various contexts, this research not only aids in model 
selection but also informs future developments i n A I . Practi t ioners and researchers can 
leverage these insights to select the appropriate technology based on the specific needs of 
their projects, whether they priorit ize detai l accuracy, realism, or artistic flexibility. 

Furthermore, the experiments underscore the importance of ongoing improvements i n A I 
technology to address the l imitat ions observed, par t icular ly i n video synthesis and realistic 
environmental rendering. A s A I continues to advance, it is imperative to refine these models 
to enhance their pract ical i ty and effectiveness i n real-world applications. 

6.4.3 Techno log ica l a n d E t h i c a l C o n s i d e r a t i o n s 

The exploration of security implications underscores the need for ethical considerations and 
regulatory measures as A I technologies become increasingly capable of producing photore­
alistic and persuasive media. Strategies such as watermarking, public awareness campaigns, 
and stringent regulations w i l l be crucial i n mit igat ing the risks associated wi th Al-generated 
content, par t icular ly in preventing misinformation and protecting data privacy. 

6.4.4 C o n c l u s i o n 

Overal l , this thesis illustrates the significant potential and current l imitat ions of diffusion 
models and generative adversarial networks i n generating A l - d r i v e n visual content. The 
nuanced understanding of each model's capabilities and their appropriate applications sets 
the stage for their informed use and continuous improvement, paving the way for more 
realistic, ethical, and pract ical A I applications in the future. 

6.5 Future Research Directions 

The experiments conducted i n this thesis have shed light on the capabilities and l imitat ions 
of diffusion models and generative adversarial networks i n generating A l - d r i v e n visual con­
tent. These findings not only highlight the advances i n the field but also underscore the 
challenges that need to be addressed. The following areas represent promising directions 
for future research that could further enhance the performance and appl icabi l i ty of these 
technologies. 

6.5.1 E n h a n c i n g R e a l i s m a n d C o n t i n u i t y i n V i d e o Synthesis 

Future research should focus on overcoming the challenges related to the realism and con­
t inui ty of video content generated by A I models, par t icular ly diffusion models. Developing 
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algorithms that can handle complex dynamics and mainta in temporal consistency wi th­
out abrupt transitions would significantly advance video synthesis technologies. Th is could 
involve integrating more sophisticated temporal coherence techniques or exploring hybr id 
models that combine the strengths of both diffusion and G A N technologies. 

6.5.2 A d v a n c e d A p p l i c a t i o n s of A r t i s t i c R e n d e r i n g 

Research into the artistic rendering capabilities of A I models can be expanded to include 
more nuanced interpretations of artistic styles, potential ly incorporat ing elements of his­
tor ical art movements or ind iv idua l artist signatures. Th is can broaden the appl icabi l i ty of 
A I in creative industries such as digi ta l art, f i lm, and gaming. 

6.5.3 H y b r i d M o d e l s for E n h a n c e d P e r f o r m a n c e 

The strengths and weaknesses observed i n diffusion models and G A N s suggest the potential 
benefits of hybr id models that leverage the advantages of both. Developing models that can 
seamlessly integrate the detailed accuracy of diffusion models w i t h the creative flexibili ty 
of G A N s could yield superior results i n a wider range of applications. 

6.5.4 E t h i c a l U s e a n d Secur i ty M e a s u r e s 

A s A I technologies become more capable of producing photorealistic and persuasive con­
tent, it is crucial to develop robust frameworks for their ethical use simultaneously. Fu ­
ture research should not only focus on enhancing the technological aspects but also on 
implementing effective watermarking techniques, developing better detection methods for 
Al-generated content, and establishing clear ethical guidelines and regulations to govern 
their use. 

6.5.5 Interact ive a n d R e a l - T i m e A I Sys tems 

Investigating the feasibility of real-time A I systems for content generation could open up 
new avenues i n interactive media, v i r tua l reality, and live broadcasts. Th is involves not 
only improving the speed and efficiency of model t ra ining and inference but also ensuring 
that these systems can adapt to real-time input variations and user interactions. 

6.5.6 C r o s s - D i s c i p l i n a r y Studies 

Final ly , fostering cross-disciplinary studies that integrate insights from cognitive science, 
psychology, and art could enhance the design of A I models that are better attuned to 
human aesthetics and perceptual criteria. Th is approach can lead to more intuit ive and 
user-friendly A I tools that cater to diverse artistic and cul tura l preferences. 
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